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Abstract

Generating compact polygonal models from point clouds
is a key problem in 3D vision and computer graphics. How-
ever, due to inherent limitations of LIDAR scanning (e.g.
range constraints and occlusions), critical scene informa-
tion is often missing, leading to degraded reconstruction
accuracy. To address this, we propose a plane assembling
strategy that effectively recovers missing details while main-
taining model compactness. We classify all the planes ex-
tracted from the scene into three categories: highly visible,
barely visible, and invisible. The invisible planes, which
are recovered by scene structure analysis, indicate the miss-
ing details. The three types of planes correspond to the
three growth priorities. Each plane grows according to the
priority level, and the space is partitioned progressively,
that is, the hierarchical partition. Subsequently, we gen-
erate a watertight polygonal mesh from the partition via a
min-cut-based optimization. Finally, comparisons on pub-
lic datasets show the effectiveness and superiority of our
method against mainstream approaches.

1. Introduction

Surface reconstruction is a crucial topic in the fields of 3D
vision and computer graphics. This problem can be for-
mulated as follows: extracting semantic, structural, and
topological information from dense, unordered, and redun-
dant point cloud data (typically acquired via LiDAR scan-
ning) or triangular meshes (often generated by Multi-View
Stereo, MVS) to produce high-precision, watertight, and
lightweight polygonal surface models [2]. Such models
have significant applications in the domains of autonomous
driving, robotics, augmented reality/virtual reality, digital
twin, and building information modeling (BIM).

Plane assembly is a popular paradigm in contemporary
surface reconstruction benchmarks. This approach parti-
tions 3D space using detected planar shapes from input data
and subsequently selects specific polygonal facets or poly-
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hedral cells from the partitioned structure to construct sim-
plified mesh models. The method demonstrates multiple ad-
vantages: 1) it is broadly applicable due to the prevalence of
planar structures in man-made environments; 2) it exhibits
some robustness to missing scan data; 3) it provides favor-
able geometric properties such as surface watertightness,
orientability, and convexity of polyhedral elements. How-
ever, most existing methods adopt a homogeneous treat-
ment for all detected planes during spatial partitioning,
assigning uniform expansion factors [12, 25] or isotropic
growth speed [2]. This method inevitably leads to consid-
erable redundancy in spatial partitioning [35]. Besides, ex-
tending existing planar entities shows limited effectiveness
in completing missing regions in scanning scenes [2].

To address these limitations, we propose a shape-
assembling method that yields lighter yet meaningful 3D
partitions and can accurately restore the local details of the
incomplete scene. Our first contribution is to design a hi-
erarchical space partition strategy based on a kinetic data
structure [2, 16]. Unlike the previously described scheme,
we divide planes into three different categories based on vis-
ibility (highly visible, barely visible, and invisible), corre-
sponding to three levels. Planes at the current level will
partition further based on the outcome only after planes at
the immediately higher level have completed their spatial
partition (i.e. hierarchical partition). At the same time,
each plane is given a different growth speed according to its
visibility. This hierarchical strategy produces lightweight
and semantically meaningful 3D partitions, with substan-
tially reduced algorithmic complexity compared to other
methods. Our secondary contribution is to recover miss-
ing planes for models. In contrast to the saturated additions
of ghost planes proposed in [5], we first use planar bound-
ary segments and planes’ intersection lines to detect singu-
lar segments, that is segments not contained by any inter-
section lines. The missing planes are then fitted through
these segments. Experiments show that this strategy ac-
curately recovers the missing details of the scanned model
without introducing redundant structures. Finally, we eval-
uate our approach against state-of-the-art methods across
datasets varying in complexity, size, and data collection.



2. Related Work

Polygonal mesh reconstruction is a fundamental problem in
computer vision and computer graphics. Prior studies can
be grouped into three aspects: i) space partition and plane
assembly, ii) scene decomposition and topology analysis,
and iii) mesh simplification and geometry approximation.

Space Partition and Plane assembly. Such methods
first utilize extracted geometric primitives (e.g. planes) to
partition the 3D space. This space is typically the bound-
ing box of the scene data, and it is divided into subre-
gions such as polyhedral cells [3, 21, 24] or polygonal
facets [11, 12, 25]. The primary limitation of these parti-
tioning approaches is their O(n?) complexity, resulting in
high computational/memory costs. The resulting massive
polyhedral cells also create a complex optimization space
for subsequent surface reconstruction. To address this is-
sue, [5] proposed a two-level hierarchical scheme that first
partitions space into super-cells and further subdivides only
those intersected by planar primitives. This approach also
introduced ghost primitives (i.e. vertical and orthogonal
planes) to mitigate data incompleteness issues. More re-
cently, [2] adopted a kinetic data structure, [7] generated a
cell complex via adaptive space partitioning, and [35] in-
troduced a compact plane arrangement to further avoid ex-
cessive subdivision. Following the space partitioning stage,
the surface extraction is achieved either by classifying poly-
hedral cells as inside or outside the object [23, 27, 38],
or by solving a constrained integer programming formula-
tion [11, 12, 25] to select polygonal facets.

Scene decompose and Topology analysis. The sec-
ond category of methods first leverages semantic or struc-
tural information to decompose the reconstruction problem
into sub-problems focused on reconstructing individual el-
ements. These reconstructed elements are then merged us-
ing their topological connections to produce the final model.
Early approaches [0, 33, 37] for planar-faced architectures
decomposed scenes into planar regions and reconstructed
models by extracting vertices, edges, and facets from the re-
gions’ connectivity graph. Although the method is efficient,
graph inaccuracies often lead to incomplete or erroneous re-
sults. Further advancing this approach, methods like those
in [17, 19, 26, 40] decomposed the scene into semantic
categories (e.g., ground, ceiling, columns, walls) and em-
ployed distinct reconstruction strategies for each category.
This semantic decomposition is typically data-driven, po-
tentially leading to semantic inaccuracies when applied to
novel scenes. To circumvent this issue, [12] relied on pre-
defined distance thresholds to classify scene clusters into
structural and non-structural objects, which were then re-
constructed separately. More recently, [29] introduced a
novel inside/outside view analysis to identify 3D structures,
then generated models with varying levels of detail.

Mesh simplification and Geometry approximation.

Instead of directly generating compact polygonal models,
extensive work in computer graphics has focused on sim-
plifying dense meshes by reducing their facet counts [8, 22]
or imposing geometric assumptions for the output surface
[13]. [14] proposed iterative vertex-pair contraction using
quadric error metrics; [9] performed face clustering guided
by geometric proxies; and [32] developed edge-collapse
decimation with planar proxy preservation. While these
mesh reduction techniques can yield comparably compact
models, they often result in polygonal structures with less
regularity and structural coherence than direct generation
methods.

3. Method

Taking a point cloud as input, our algorithm outputs a wa-
tertight and intersection-free polygonal mesh. Figure 1 il-
lustrates the workflow of the proposed method. We first an-
alyze the scene structure to extract geometric and topolog-
ical information, which mainly includes planar primitives,
intersection lines, the adjacency graph and boundary seg-
ments. Then we distinguish the highly/barely visible planes
by the visibility. Meanwhile, in order to deal with the pos-
sible loss of scanning data, missing planes are recovered
by fitting boundary segments of primitives. This type of
planes is classified as invisible planes. Next, space parti-
tion is accomplished by assigning different levels and ex-
pansion speed to planes. Finally, a polygonal surface mesh
is reconstructed by classifying polyhedral cells as interior
or exterior via min-cut optimization.

3.1. Scene Structure Analysis

Planar primitives are initially extracted from the input point
cloud using Random Sample Consensus (RANSAC)-based
shape detection methods [28, 31, 34]. Subsequently, an
a-shape algorithm [10] is employed to approximate the
boundary of each detected primitive, as shown in Figure
1(b1). Then we project boundary points onto its plane, and
calculate the 2D normal vector of each point using princi-
pal component analysis. Thereafter, 2D segments are fit-
ted using region growing [28]. To mitigate missing data
and noise, we adopt the regularization process of [17] to
obtain cleaner and more accurate segments. The 2D seg-
ments and the corresponding 2D normal vectors are then
back-projected into 3D space to obtain the final set of 3D
segments, as shown in Figure 1(b3).

Using all primitives, an adjacency graph G is constructed
by identifying the neighboring relationships between them,
as illustrated in Figure 1(b2). Two planes are defined as ad-
jacent if at least two inlier points, one from each primitive,
are mutual neighbors in the k-nearest neighbor graph of the
input points [11]. Moreover, for any pair of non-parallel
primitives 4 and j, we compute their intersection line L;;.
The set of all such lines is denoted as £, as in Figure 1(b4).
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Figure 1. Overview. Our algorithm takes point cloud (a) as the input and first performs the scene structure analysis (b), which mainly
includes: planes detection (bl), planar adjacency analysis (b2), boundary segments fitting (b3) and planar intersection lines calculation
(b4). Subsequently visible planes categorization (c) is performed: including visible calculation (c1) and highly/barely visible labelling
(c2). Meanwhile, we recover missing planes (d) through fitting the singular segments (i.e., the segments that are not contained by any
intersection lines (d1)). After that, the 3D bounding box is hierarchically partitioned (f) using the different categories of primitives (i.e.,
convex hulls of highly visible planes (e1), barely visible planes (e2) and invisible (missing) planes (e3)). Finally, based on the inside/outside
labeling of polyhedral cells, a concise, watertight polygonal mesh is generated (f).

3.2. Visible Plane Categorization

In this section, we model a-shapes as uniformly luminous
objects to compute individual visibility ratios of primitives.
Then, Markov random field (MRF) optimization method is
used to allocate highly/barely visible labels for planes.

Planar visibility. For each planar primitive P;, we use
farthest point sampling [30] on
its supporting points to gen-
erate keypoints, as point light
sources. Then uniform sphere
sampling [15] is used to generate
lights (see inset). Thereafter, we
compute the intersection of lights
with all a-shapes using the ray-shooting method [1]. If not
intersect, this light is visible, otherwise is invisible. The vis-
ibility ratio of planes is obtained by dividing the number of
visible light by the total number of samples. If the visibility
ratio is larger than 0.5, the plane is defined as original highly
visible, otherwise, barely visible. The detailed pseudo-code
is provided in the supplementary material.

® Point light
Light direction

The visibility ratio of all planes is shown in Figure 1(c1).
It is basically consistent with spatial locations of planes, as
is said, the closer a plane is to the external space, the greater
the visibility ratio it got. However, some exceptions remain.
For instance, the visibility ratio of the concave structure on
the outside is less than 0.2 due to the obstruction of the sur-
face patches in narrow spaces, as exemplified by the ceiling
in Figure 2(a). On the other hand, due to the holes caused by

the missing scans, the visibility ratio of some inside planes
is higher than 0.5, as shown by the table in Figure 2(a). In
order to improve this situation and make the label alloca-
tion of primitives more reasonable, we adopt an optimized
scheme to assign visible labels to planes.

Internal deail Internal deail
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Figure 2. (a) Initial label assignment. (b) Optimized labels after
energy minimization using MRF.

Planar Labeling. We have the following observation:
the neighbors of highly visible planes are also likely to
be highly visible, and vice versa. Based on this neigh-
borhood correlation, the MRF energy formulation is estab-
lished. Specifically, given the set of planes P, the corre-
sponding adjacency graph G = (V, &), we aim to find a
binary label x;, where z; = 1 indicates highly visible and
x; = 0 indicates barely visible, to each primitive p;, whose
visibility ratio is v;, using a MRF formulation:

E(-'E) = Z Edata(piaxi) +w Z Esmooth(xiyxj)
pi€P (i,9)€€
The data term tends to assign x; = 1 to planes with high
visibility ratios:

Eaua(pirzi) = vi - (1 — ;) + (0.5 — v;) - 5,



while the smoothness term aims to ensure the consistency
of neighboring labels:

Esmoolh(xivxj) = |$1 - xJ|

where w is the balance parameters. In our experiments, we
typically set w to 0.5. F(x) is minimized with graph cuts
and alpha expansion [4].

The final results are demonstrated in Figure 2(b), where
the visibility labels (highly/barely) of planes align consis-
tently with both the visibility ratios and their spatial posi-
tions.

3.3. Missing Plane Recovery

A common characteristic of man-made objects is that each
significant boundary line is typically formed by the intersec-
tion of two or more planes. Therefore, if a boundary seg-
ment is detected to be contained only by one single plane,
then we consider this segment to be singular. Using this as
a clue, we first identify all the singular segments and then
recover the missing planes based on them.

Singular segments selection. For planar primitive p;, let
S; = {si;} be the set of boundary segments, and L; = {l;;,}
be the set of intersection lines between p; and its second-
order adjacent planar primitives. Two planes p; and pj, are
called second-order adjacent if there exists a third plane p;
that is adjacent to both p; and py. Segment s;; € S; is
considered not singular if there exists [;;, € L; such that: (i)
The angle between the directions of [;;, and s;; is less than
T4, (i1) The distance from centroid of s;; to l;, is less than
rq. In our approach, r, is set to 10 degrees, and 74 is set to
five times the average distance of the model. Furthermore,
if s;; is not singular, it should be contained by at least two
planes, which in here are p; and py.

Missing planes generation. A region-growing-liked
method is used to fitting all planes from singular segments,
as shown by the translucent planes in Figure 1(d). Specif-
ically, we sort segments based on their lengths in descend-
ing order and select seed segments accordingly, starting
from the longest. Each seed segment determines an initial
plane p;,,; based on its centroid and normal vector. Then a
neighborhood search is performed around the seed segment,
considering all segments within the second-order adjacent
planes of the given segment’s plane. A neighboring segment
is incorporated into the region of the seed segment if two
conditions are satisfied: (i) The angle between its normal
vector and that of the initial plane p;,; is less than a thresh-
old r,, (ii) The average distance of its supporting points to
the initial plane p;,; is below r4. Then, the plane p;,; is
updated based on its region. This process is repeated un-
til neighborhood searches for all segments have been com-
pleted. Planes containing at least two segments are selected
as the final set of recovered planes. A detailed comparison
between results with and without recovered planes is shown

in Figure 3. Comprehensive pseudo-code is in the supple-
mentary material.
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Figure 3. (a) the recovered missing planes, black points are sup-
port points of boundary segments, and the red arrows are their nor-
mal vectors reprojected from 2D into 3D. (b) recovered planes and
point cloud model. (c) the output model with recovered planes. (d)
the output model without recovered planes.

3.4. Convex Hulls Generation

Visible planar convex hulls generation. As said before,
if a segment is not singular, it should be contained by the
intersection line of two planes. Therefore, the supporting
points of this segment will be incorporated into the calcula-
tion of the convex hulls in corresponding planes. In particu-
lar, for the primitive p;, we combine its original supporting
points and the newly detected segments’ supporting points
to calculate the final expanded convex hull, as an effective
compensation for missing data.

Recovered planar convex hulls generation. The
computation of missing planar convex hulls is relatively
straightforward, as it simply computes the convex hulls of
corresponding boundary segments’ supporting points.

3.5. Hierarchical Space Partition
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Figure 4. (a) The polygon grows by uniform scaling. (b) The
intersection of the blue polygon with two others is illustrated by
red and green line-segments. (c) The shape is decomposed into
non-intersecting polygons by cutting along the intersection lines
(shown as red and green dashed lines). Original vertices (black)
retain their positions, while new vertices are either fixed at junc-
tions (white, frozen vertices) or allowed to slide along intersection
lines (gray, sliding vertices). The same as KSR [2].

Background on Kkinetic framework The 3D kinetic
framework originally developed by [2], which enables con-
vex polygons to expand at consistent velocities (conformal
transformation, see Figure 4(a)), until collisions occur be-
tween each other, thereby partitioning the 3D space into
polyhedral cells. This computational paradigm was first
rigorously defined in the field of Computational Geometry



by [16]. Within this framework, convex polygons have co-
ordinates that evolve as continuous functions of time. The
core mechanism involves maintaining spatial relationships
among these primitives as they expand dynamically. When
two or more primitives come into collisions (referred to as
an event in kinetic data structures), corrective geometric op-
erations are executed to restore system validity, which is de-
composing primitives into intersection-free polygons with
cuts along the intersection lines, as show in Figure 4(b-c).
Algorithmically, the framework relies on a priority queue
to efficiently manage the temporal sequence of events, pro-
cessing collisions iteratively until all primitives reach sta-
tionary states [2].

Hierarchical strategy. Based on kinetic framework,
a hierarchical space partition strategy is introduced. This
strategy shares the same objective as other partitioning
strategies: minimizing unnecessary splits [5, 29, 35]. How-
ever, unlike approaches that prioritize planes based on size
or other attributes, we employ visibility ratios to catego-
rize primitives into distinct levels (i.e., level 1: highly visi-
ble planes; level 2: barely visible planes; level 3: invisible
planes (missing planes)). Then, the lower the level, the first
to grow, and the space is partitioned progressively. This
insight is based on our observation that primitives exhibit-
ing higher visibility ratios—typically located near the pe-
riphery—should be prioritized and expanded faster during
the growth process, thereby forming boundaries for inner

planes with lower visibility ratio.
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Figure 5. Different colors represent different visible hierarchical
regions (a), red line-segments (i.e., highly visible planes) grows
first (b), then blue grows (barely visible planes) (c), and finally
green grows (invisible planes) (d).

Specifically, as shown in Figure 5, let the bounding box
be the level 0, and the corresponding space be space-0. The
highly visible planes first perform space partition based on
space-0 to generate the space-1. Barely visible planes then
grow to generate space-2 based on space-1. And finally the
missing planes expand to subpart the space-2 to generate
space-3. Namely, the (i+1)-th space is generated by planes
of (i+1) level to subpart the (i)-th space (i = 0, 1, 2). The
facets generated in the previous level are equivalent to the
bounding box of current level. And the space-3 is what we
sought. Also as shown in Figure 1(f). See supplementary
material for detailed pseudo-code. Moreover, unlike [2, 25],
which handle all planes uniformly, we introduce a unique
expand speed for each primitive and a more natural condi-

tion for convex hulls to stop growing.

Expanding speed. The growth of each plane gives a
speed positively correlated with the visibility ratio; that is,
the faster the primitive with a higher visible rate will grow
in the same level. Specifically, for each level, the visibil-
ity ratios of its planes are normalized to a unified range of
[0.5, 1], where the minimum value corresponds to 0.5 and
the maximum value corresponds to 1, and this defines their
growth speed.

Initial State State A State B State C

Type | 1 S1

S
Type I ~

Figure 6. Different polygon collision types and growth states. s1
and sg represent different speeds. The red lines indicate highly
visible polygons, the blue lines indicate barely visible polygons,
and the gray lines denote polygons that may be any type. The
point colors follow the same definition as in Figure 4.

State Transition. We treat the vertices of each polygon
as a state machine to update the growth process. The ini-
tial state is when all the polygons are divided into non-
intersecting sub-polygons before they begin to grow, as
shown in Figure 4(c). Different state transitions are trig-
gered based on vertices and different types of plane encoun-
ters (events): if a vertex meets the plane of the previous level
(events A) or the adjacent plane of the current level (events
(), the direction of propagation of it will be modified to fol-
low the intersection line with the intersecting plane. Specif-
ically, for states A and C in type I in Figure 6, we split the
vertex into two sliding vertices diverging along the intersec-
tion line. For type II states A and C, we reorient the sliding
vertex propagation to align with the target polygon’s inter-
section. Meanwhile, a frozen vertex is established at the
convergence point. In addition to the above events, colli-
sions also occur between non-neighboring primitives at the
same level (events B). In this case, it is necessary to intro-
duce a newly generated polygon into the kinetic data struc-
ture. This polygon extends the originating primitive across
the shared boundary defined by the intersecting polygon
(see state B in Figure 6). The initialization of this polygon
differs depending on the configuration: in state B of type I,
it consists of two sliding vertices and one original vertex;
whereas in state B of type II, it is composed of two slid-
ing vertices along with one fixed vertex. Finally, we present
the terminal state: a sliding vertex reaches the intersection
line, at a moment when another sliding vertex—guided by
the contacted polygon—is already in place. At the inter-



section point of the corresponding lines, a frozen vertex is
introduced, effectively halting the local propagation of both
sliding vertices.

Accordingly, we use the boundary and neighborhood re-
lationship to constrain growth. Thanks to the expansion of
visible primitives and the addition of missing planes, which
ensures the effective completion of the missing data, so only
a few growth events are needed to achieve an effective spa-
tial division, ensuring detail recovery, completing missing
structures, and reducing unnecessary partitions.

3.6. Surface Extraction

We extract the surface by performing a min-cut on the
polyhedral partition, assigning inside-outside labels to the
cells. The resulting surface
corresponds to the interface
facets between labeled re-
gions (see inset). Owing to
the validity of the kinetic
embedding, the output is
guaranteed to be watertight and free of self-intersections,
similar to [2, 5, 23, 40].

Given a partitioned polyhedral set C = {¢;}, we con-
struct its dual graph G = (V, ) as follows: (i) For each
polyhedron ¢; € C, create a vertex v; € V positioned at ¢;’s
centroid. (ii) For each pair (¢;, ¢;) sharing a facet f;;, add
an edge e;; € £ connecting v; and v;, as shown in inset.

To assign binary labels z; € {0,1} to each node v;,
where x; = 0 denotes that ¢; lies outside and z; = 1
denotes that it lies inside, we define the following energy
function U:

U(x) = P(x) + A\M (x) (2)

where A € [0, 1] is a balance parameter, which is set to 0.5
in our methods. The optimal output surface that minimizes
U is found by a max-flow algorithm [4].

Following the convention used in smooth surface recon-
struction [20], normals are assumed to point outward. Ac-
cordingly, the point supporting term P(x) evaluates the
consistency between the assigned labels and the orientations
of inlier normals:

)
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where A is a normalization factor de-
fined as the sum of the areas of all
facets of the partition, I;; is the set
of inlier points associated with com-
mon facet f;; between ¢; and ¢;. 15y
is the characteristic function, 77 is
the normal vector of inlier point py,
and ;; is the vector from v; to v;, as
shown in the inset. 7 is the average spacing of input point

cloud model. In this example, we prefer assigning label in
to polyhedron ¢; (i.e., 2;=1) and label out to polyhedron c;
(i.e., ;=0). We use the centroid line ;; of the two polyhe-
dra ¢; and c; to determine the points on their common sur-
face f;;. This local neighborhood context makes our voting
function more robust to inaccuracies in normal orientations,
since normals only need to point toward the correct half-
space separating the facet.

The regularization term M (x) penalizes surface com-
plexity through area minimization, where reduced area cor-
relates with simplified geometry. Furthermore, facets with
abundant supporting points exhibit higher retention likeli-
hood during optimization:

M(x)=— Z (@ij —m- r? L) - Yaiteyy (4

eijef

where a;; represents the area of facet f;;, and |I;;| is the
number of inlier points associated with facets f;;.

4. Results

Our algorithm is implemented in C++ using the CGAL [36]
library. We evaluate the effectiveness of our method for
mesh reconstruction under a standard experimental setup
with an Intel i5-10300H CPU and an NVIDIA GTX 1650
GPU. The evaluation includes benchmark datasets, quan-
titative metrics, and both objective and subjective compar-
isons with contemporary reconstruction methods. Due to
space constraints, parameter sensitivity analysis, ablation
studies, and generalization experiments are provided in the
supplementary material.

Dataset and Metrics. For benchmarking purposes, test
point clouds from the Assembly Dataset [39], the KSR-42
Dataset [2], and the ScanNet++ V2 Dataset [41] are em-
ployed, as they exhibit varying degrees of reconstructed
geometric fidelity. Inspired by [18] and guided by the
data scale in [13], we select 200 CAD models (CAD-200)
and 100 real scanned architectural models (Arch-100) from
these datasets—that exhibit diverse geometric characteris-
tics, to evaluate the reconstruction performance. We as-
sess our method in terms of correctness, conciseness, and
computational performance. Correctness is quantified us-
ing Mean Hausdorff Error (MHE) and Root Mean Squared
Error (RMSE), reflecting how well the reconstructed polyg-
onal planes align with the input points. Conciseness is eval-
uated based on the number of vertices (PA'¢) and facets
(FA) in the reconstructed mesh, as well as a composite
metric (RHY¢) that combines the Hausdorff distance and a
simplification ratio. The simplification ratio is calculated as
the number of vertices in the reconstructed mesh divided by
the number of points in the input point cloud, following the
definition in [18]. Computational efficiency is assessed via
runtime and peak memory usage during reconstruction.
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Figure 7. Reconstruction results from different methods on the urban scene Barn and the indoor scene Classroom. #{ refers to the number
of output facets. Our method achieves the most accurate reconstructions, with local details highlighted in red boxes. In the subfigures
labeled ~’Our partition”, green planes indicate the recovered planar regions.

Comparative analysis. Based on the above dataset and
evaluation criteria, we compare our method against sev-
eral representative approaches, including QEM [14], Poly-
Fit [25], KSR [2], Robust Low-Poly Meshing (RLPM) [8],
and VecIM [17], which reflect current mainstream strate-
gies. Since QEM and RLPM are incapable of directly pro-
cessing raw point clouds, we first apply the Poisson sur-
face reconstruction technique [20] to generate triangular
meshes for these methods. VecIM primarily focuses on in-
door scene reconstruction and requires accurate semantic
information for guidance, so we only test this method on
indoor scenes. Excessive primitives make PolyFit’s mixed-
integer optimization costly; thus, keeping their number be-
low 100 ensures feasible vectorization, though some local
details may be lost.

Correctness Conciseness Time

MHE | RMSE | PA'® | FA% | RHA® | T(s) |

QEM [14] 2.702 0.082 602 811 0.0137 76
Polyfit [25] 2.165 0.059 516 723 0.0061 1253
KSR[2] 1.926 0.037 260 372 0.0057 265
VecIM [17] 2.962 0.096 712 1215 0.0129 152
RLPM [8] 2.298 0.078 565 761 0.0102 351
Ours 1.066 0.025 315 501 0.0036 327

PolyFit [25] 0.159 0.015 371 559 0.0023 867
KSR [2] 0.127 0.016 292 314 0.0015 182
RLPM [8] 0.236 0.037 421 926 0.0025 291
Ours 0.109 0.009 265 331 0.0012 205

Arch-100

CAD-200

Table 1. Comparison of correctness, conciseness, and runtime.

Correctness. As representative examples, the recon-
struction results on the Barn and Classroom (C.Room)
scenes are shown in Figure 7. As shown in the figures,
our algorithm’s missing planes recovery technique enables
the faithful reconstruction of fine details, such as the win-
dow sill and skylights in the Barn scene. Similarly, the
ceiling and the lower wall in the Classroom scene are also
accurately recovered. The green planes in Figure 7 indi-
cate the recovered planes, corresponding to regions that are
missing or unscanned during the LIDAR acquisition. These

regions significantly affect the overall reconstruction accu-
racy. While planar expansion helps compensate for some of
these deficiencies, it remains an imperfect solution [2, 25].
A quantitative comparison of reconstruction accuracy is
presented in Figure 8 and Table 1. Figure 8 shows that
our algorithm successfully reconstructs the internal beam
structure of the Meetingroom (M.Room), which is missing
in the point cloud due to occlusion, leading to a signifi-
cantly reduced reconstruction error. Table 1 confirms that
our method attains superior reconstruction accuracy com-
pared to other algorithms.

! e " .
RLPM e=0.051m OURS  ¢=0.019m

Figure 8. Output models and distance maps from various methods
on the Meetingroom. e: RMSE from input points to output model.

Conciseness. In terms of conciseness, as shown in Ta-
ble 1, our method reconstructs the model with slightly more
vertices and facets due to an increased number of planes
(i.e., the recovered planes). However, it achieves the highest
overall compactness and the best trade-off between facets
count and reconstruction accuracy. Further, in order to
prove the superiority of our hierarchical spatial partition,
we made a more detailed comparison on the CAD-200.
Since the CAD-200 point cloud is sampled from complete
CAD meshes, no planes are missing, so all plane assembly
schemes yield the same number of primitives. In Figures 9
and 10, it can be seen that our algorithm achieves the most
compact spatial division, owing to a hierarchical strategy
and the scheme of correlating the growth speed of convex
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Figure 9. Performances of partitioning and surface extraction. The transparent band around each curve indicates the minimal and maximal

values measured on various models.

hulls with the visibility rate that avoids meaningless parti-
tions. Moreover, by expanding plane polygons along con-
tained line-segments (Section 3) and stopping growth based
on neighborhood cues, our method enables each plane to
partition the required polyhedral cells with minimal exten-
sion, achieving both compactness and accuracy. As shown
in Figure 9(a), our method produces the fewest polyhe-
dral cells and demonstrates the slowest growth in cell count
across different planar motifs.

5

l«@l‘w’&pl
S |

Point cloud model

825 planar shapes Planar visible ratio

#e=29K #f=179K #e=11K #f=86K
Kinetic partition Hierarchical partition

Model based on HP

#e= 298K #f= 885K
Exhaustive partition

Model based on EP Model based on KP

Figure 10. Exhaustive, kinetic, and hierarchical partitions on the
Gearbox. #f and #c denote the numbers of facets and polyhedra,
respectively. Our hierarchical partitions (HP) are more compact
and yield more accurate reconstructions than exhaustive (EP) and
kinetic partitions (KP), as highlighted in red. The model is sliced
along the green dashed line for internal visualization.

Efficiency. Our method is slightly slower than KSR
but significantly faster than PolyFit, as shown in Table 1.
For the plane classification module, thanks to our use of a
bounding volume hierarchy [1] and a fixed number of sam-
pled keypoints per plane, the overall algorithm complexity
is slightly above O(n) but significantly lower than O(n?),
where n is the number of planes. The complexity of the
missing plane recovery module is similar to that of the plane
classification module, since only a few number of segments
ultimately pass the screening. The most time-consuming
part of our algorithm is the hierarchical spatial partition-

ing module, as shown in the runtime breakdown in Table 2.
Moreover, due to our neighborhood constraint strategy and
planar hierarchical growth strategy, our memory peak and
partition time are the lowest, as shown in Figure 9.

M.Room Barn C.Room Gearbox

# input points 3.07M 2.0IM 398M 1.85M
# highly visible planes 872 157 175 209
# barely visible planes 815 38 80 616
# recovered planes 35 19 38 no

# output facets 1929 168 529 2010
Categorization (sec) 91 12 21 76
Recovery (sec) 79 10 35 no
Partitioning (sec) 219 67 123 192
Extraction (sec) 71 25 57 75

Memory peak (MB) 675 152 335 596

Table 2. Performance statistics of different scenes.

5. Conclusion

We propose a novel algorithm that reconstructs compact and
watertight polygonal meshes from raw point clouds. The
main contribution of this work is the introduction of hierar-
chical space partitioning strategy, where the space are pro-
gressively partitioned by prioritizing the growth of planes
according to their visibility ratio into a low number of poly-
hedra. This idea not only improves correctness over exist-
ing methods by recovering missing scene details, but also
enables the generation of more concise polygonal meshes
from a more compact and semantically meaningful parti-
tion of polyhedra. We conducted extensive comparative ex-
periments on diverse datasets against state-of-the-art meth-
ods, demonstrating the accuracy and effectiveness of our
approach. In future work, we intend to incorporate addi-
tional available information, such as multi-view stereo im-
age data, to capture richer spatial structures. We also plan
to investigate how the proposed hierarchical space partition
strategy can be applied to the repair of CAD models.
Acknowledgments. This work was supported by the Na-
tional Natural Science Foundation of China under Grant
Nos. 52575574, U24A20130 and 52188102.
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